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In this paper we present a new memory gradient method with trust region for
unconstrained optimization problems. The method combines line search method and trust
region method to generate new iterative points at each iteration and therefore has both
advantages of line search method and trust region method. It sufficiently uses the previous
multi-step iterative information at each iteration and avoids the storage and computation of
matrices associated with the Hessian of objective functions, so that it is suitable to solve
large scale optimization problems. We also design an implementable version of this method
and analyze its global convergence under weak conditions. This idea enables us to design
some quick convergent, effective, and robust algorithms since it uses more information from
previous iterative steps. Numerical experiments show that the new method is effective,
stable and robust in practical computation, compared with other similar methods.
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Introduction

The line search method for an unconstrained optimization problem

minf(x), x€R", (1)

with f : R" — R! being a continuously differentiable function usually takes the form

xk+l:xk+akdk7 k:1727"'7 (2)

where d; is a descent direction, and oy is a step size. The method is useful and
powerful in solving large scale unconstrained optimization problems [14, 15, 17].

* The work was supported in part by NSF DMI-0514900.
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Obviously, different choices of d; and o at each iteration will determine different line
search methods [22, 23, 28, 30].

If x; is the current iterate, then we denote Vf(xx) by gk, f(xx) by fi and f(x*) by
f*, respectively.

Line search method is divided into two stages at each iteration:

(1) Choose a descent search direction dj;
(2) Choose a step size oy along the search direction dy.

If we take d, = —g; as a search direction at each iteration, then the corre-
sponding method is called steepest descent method that is a simple line search method
and has wide applications in solving large-scale minimization problems (e.g., [19, 20,
30]). However, steepest descent method often yields zigzag phenomena in solving
practical problems, which makes the algorithm converge to an optimal solution very
slowly, or even fail to converge [14, 15, 17].

Sometimes, choosing step size is also very important for convergence of an
algorithm [8, 19-21]. It seems that the step size determines the global convergence
and the search direction determines convergence rate in some sense (e.g., [8, 20, 30]).

Generally, the conjugate gradient method is a powerful line search method for
solving large scale optimization problems because it avoids, like steepest descent
method, the computation and the storage of some matrices associated with the Hessian
of objective functions. Conjugate gradient method has the form

— 8k, if k=1,
d=1{ > : (3)
—gk + Bidj—1, if k=2,

where [, is a parameter that determines the different conjugate gradient methods
e.g. [6, 7, 10-13, 24, 25].

Similar method to conjugate gradient method is memory gradient method or
super-memory gradient method [3, 16, 26], which also avoids the computation and
storage of matrices associated with Newton type method. Therefore, it is also suitable
to solve large scale optimization problems. There are other gradient descent methods
(e.g. [21-23, 28]) that have good performance in computation.

If we take dy = —H; gy as a search direction at each iteration in the algorithm,
where H; is an n x n matrix approximating [V2f(x;)]”', then we call the corre-
sponding method Newton-like method [14, 15, 17] such as Newton Method, quasi-
Newton method, variable metric method, etc. However, the Newton-like method needs
to store and compute matrix H; at each iteration and thus adds the cost of storage and
computation. Accordingly, the Newton-like method is not suitable to solve large scale
optimization problems in many situations.

Constructing line search methods not only needs to choose a good search di-
rection d; but also needs to find an appropriate step size oy at each iteration. Certainly,
trust region methods are also effective methods for solving special optimization
problems. In trust region methods, no line search rule is needed. In each iteration of
trust region methods, we need only to solve a simple sub-problem [5, 14, 15, 17, 27].
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In this paper we present a new memory gradient method with trust region for
unconstrained optimization problems. The new method combines line search method
and trust region method to generate new iterative points at each iteration. It sufficient-
ly uses the previous multi-step iterative information at each iteration and avoids the
storage and computation of matrices associated with the Hessian of objective func-
tions, so that it is suitable to solve large scale optimization problems. We also de-
sign an implementable version of this method and analyze its global convergence
under weak conditions. This idea enables us to design some quick convergent, effec-
tive, and robust algorithms since it uses more information from previous iterative steps.
Numerical experiments show that the new method is effective, stable and robust in
practical computation.

The rest of this paper is organized as follows. The next section describes some
preliminary results. Section 3 describes the idea of memory gradient method with trust
region and gives some simple properties. In section 4 we propose a convergent version
of the new method and analyze its global convergence under mild conditions. We
study the convergence rate of the new method under weak conditions in section 5.
Numerical experiments and comparisons are given in section 6.

2.  Preliminary

In this section we will recall the line search method and the trust region method
and discuss their relationship.

2.1. Line search method

Line search methods are important methods for solving unconstrained optimi-
zation problems. As described in section 1, in each iteration, line search method needs
to choose a search direction d; first, then it needs to choose a step size «; along the
search direction.

Generally, we choose the search direction dj, to satisfy the descent condition, i.e.,
there exists a constant o, > 0 such that

f(xk =+ adk) <f(xk), Ya € (O,ak). (4)

In fact, if gl di < O then d; must be a descent direction of f(x) at the point x;.
Furthermore, we may choose d; to satisfy the following so-called sufficient
descent condition

ghdi < —mollexll®, (5)
where 79 > 0 is a constant.

Finally, we can choose d; to satisfy the following condition

T
gkdk >
_ > 1o, 6
gl ] = ™ (6)
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where 7 is a positive constant and 79 <1. This condition is sometimes called angle
property in which the angle of —g; and d; needs to be less than 7/2.

Definition 2.1. ([2]). Let {x;} be a sequence generated by a gradient method
Xpp1 =X, +ogdy (k=1,2,...,). We say that the sequence {d;} is uniformly
gradient related to {x;} if for every convergent subsequence {x;},, for which

li 0
Ao 85 7

< CK i k 5 <

keK k—o0

In words, {d;} is uniformly gradient related if whenever a subsequence {gi},
tends to a nonzero vector, the corresponding subsequence of directions {d;} is
bounded and does not tend to be orthogonal to g.

The following line search rules for finding step size are often used in many line
search methods.

(a) Exact minimization rule. Here «; is chosen so that
flOx + apdy) = (131>11(1) O + ady).
(b) Limited minimization rule. A fixed numbe; s > 0 is selected and oy, is chosen so
that
S + cdr) = min f (g + ady).

ac0,s]
(c) Armijo rule. A fixed number s > 0 is selected and « is the largest « in
{s,5/2,5/2%, ...} such that
fe —fu + ad) > — pogid,
where 1 € (0,1/2).

(d) Goldstein rule. A fixed scalar p; € (0, %) is selected, up € (11, 1), and oy is chosen
to satisfy

" < f(xk + adek) _fk <
akgkdk

H2-
It is possible to show that if f is bounded below then there exists an interval of
step-sizes o for which the relation above is satisfied.

(e) Strong Wolfe search rule. The step size «; satisfies simultaneously

[+ audy) — fi < g, (7)
and
|8 (xx + cudy) di| < piolgi dl, (8)
where 0 < 1 <%and,u1 < <1
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It can be easily proved that if f(x) is bounded below, then there also exists an
interval of step-sizes oy for which equations (7) and (8) hold.

We can see that (a) and (b) are exact line search rules. It may be difficult to
implement in many situations, so that we often use inexact line search rules in many
algorithms.

Lemma 2.1. ([2]). Let {x;} be a sequence generated by a gradient method and assume
that {d;} is uniformly gradient related and oy is chosen by the line search rules (a),
(b), (c), (d) or (). Then every limit point of {x;} is a critical point x*, i.e., g(x*) = 0.

It is obvious that many line search methods need only the current iterative
information explicitly to generate the next iterative points. The previous iterative
information is ignored and leads to a waste of information. Thus we should sufficiently
use the previous iterative information to generate new iterative points. The idea
enables us to design some powerful, robust, effective, and implementable methods for
solving large scale unconstrained optimization problems.

2.2. Trust region method

In trust region method, we must solve the subproblem at each iteration
. 1
minmi(p) = fi +gip+ 50" B st pl <A %)

where A; > 0 is a trust region radius and By is a symmetric matrix that approximates
to sz(xk).
We define

_ Si—fOatpi)
my(0) — my( i)

Pk (10)

at the k-th iteration, where p; is a solution of equation (9), the numerator is called
actual reduction and the denominator is called predicted reduction.

Algorithm 2.1. (trust region)

Given A >0, xo € R", Ag € (0,A), and 7 € [O,i);

For k=0,1,2,...
Obtain p; by(or approximately) solving equation (9);
Evaluate p; from equation (10);

ifpk<1

1
AVEREES ZHPkH
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else
. 3
if pr > Z and HpkH = A\

Ak+l = min (ZAk, A)

else
Ak+1 = Ag;
if pr > 1
Xkl = Xk + Pr
else
Xi+1 = Xk
end(for).

Sometimes, we need not to solve equation (9) exactly, but to find p; satisfying

mi(0) — my(px) = c1]|gx||min (Ak, Ngi”), (11)

and
IPell < vAx, (12)
for y>1 and ¢; € (0, 1].

Indeed, the exact solution p;§k of equation (9) satisfies equations (11) and (12)
[17].

Lemma (2.2). [17]. Let » =0 in Algorithm 2.1. Suppose that ||Bi||<( for some
constant [, that f is continuously differentiable and bounded below on the level set

Lo ={x e R"|f(x) < f(x0)},

and that all approximate solutions of equation (9) satisfy the inequalities (11) and (12),
for some positive constants ¢; and . We then have

lilgninf llgk|| = 0. (13)

Lemma 2.3. ([17]). Let n € (0,%) in Algorithm 2.1. Suppose that ||Bi|| < § for some
constant 3, that f is Lipschitz continuously differentiable and bounded below on the
level set Ly and that all approximate solutions of equation (9) satisfy the inequalities
(11) and (12), for some positive constants ¢; and . We then have

Jlim g =0. (14)
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In trust region algorithm, we need at least to solve inequalities (11) and (12) at
each iteration. Moreover, we must store the matrix By in implementing the trust region
algorithm.

In order to solve large scale unconstrained optimization problems, we must con-
sider the amount of storage and computation in algorithm design. We expect the
algorithm to have less amount of storage and computation. Moreover, we hope that the
new algorithm is effective, robust, and implementable in practice. Line search methods
are one-dimensional search methods while trust region methods are n-dimensional
search methods. Although line search methods and trust region methods are very
effective in many situations, the two classes of methods have the same disadvantage of
only using current iterative information at each iteration. In fact, we expect to use
more previous iterative information to generate new iterative points. Accordingly, we
propose a new memory gradient method with trust region to overcome the defect of
line search methods and trust region methods.

3. Memory gradient method

We assume that the iterative points x1,x», . ..,X, have been determined and let
m > 2 be an integer. We construct a new iterative point x;; from the previous m-step
iterative information of xp_,41,...,%, k=m,m+1,.... For example, we first
constitute a parallel subspace

Ak =X; + Span{_gk—m+l7 sy _gk}v

then minimize f(x) over A to obtain the minimizer x,, i.e.,

X1 = arg min f(x), (15)

XEAL
where span{—gi_m+1,-..,—gr} denotes a linear subspace spanned by the m vectors
—8k—m+1, - - - , —8k- We call this technique m-step memory gradient method. This idea

can be seen in many literatures (e.g., [4, 18, 31]).

We evoke the conjugate gradient method. If x; is the current iterative point
(suppose that k£ > 1), then the next iterative point x;,; is defined on the parallel
subspace Ay = x; + span{—gi,d;—1}. We may call conjugate gradient method two-
step memory gradient method (e.g., [3, 7, 13, 16, 24, 25]).

However, solving equation (15) is difficult to realize in practical computation.
Thus we must find some inexact multi-dimensional search rules. Firstly, like inexact
line search rules, we may design some inexact multi-dimensional search rules. Se-
condly, we use the idea of trust region methods in multi-dimensional search methods.
Define a minimization subproblem

. 1
minmi(p) =fe+gp + 50" B, stlpll < App € Ac—xi, - (16)
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where A; > 0 is a trust region radius,

Ap — xx = span{—gi-my1,-- -, —&k}

Obviously, it is an m-dimensional minimization problem. Also, we need not to solve
equation (16) exactly, but to find p; satisfying

m(0) = mfpn) = llgelmin Ar. 20, (17)

and
IPell < vArs pr € Ax — X, (18)

for some constants y>1 and ¢; € (0, 1].

As you can see, if n >> m then equations (17) and (18) are easier to solve than
equations (11) and (12) because equations (17) and (18) are actually inequalities of
m variables, while equation (11) and (12) are inequalities of n variables.

Now we should devise an algorithmic model

Algorithm model

Given A > 0, xg € R", Ag € (0,A), and n € [0,1);
For k=0,1,2,...
Obtain p; by (or approximately) solving equation (16);
Evaluate p; from equation (10);
if pr < %
At =g I«
else
if pr >3 and ||pe]| = Ax

Ak—H = min(2Ak, A)

else
AVERTE AV
if px >n
Xk+1 = Xg + Dk
else
X1 = Xy
end(for).

Lemma 3.1. Suppose that ||B|| < 3 for some constant [, that f is continuously
differentiable and bounded below on the level set Ly. Then there exists p; satisfying
equations (17) and (18) and hence satisfying equations (11) and (12).
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Proof. At first, letting
Vk = (_gk—m+l> R _gk) S Rn><m7 y= (Oa cee 707ym)T € Rm’ Ym € R17

we have p = Viy = —y,gr € Ar — x;. By substituting this p into equation (16), we
obtain

1
mlg M (—ym&) = fi — yllgxl* + = ymg TBigr, st ||[ymgell < Ar.
ym

Solve this subproblem and obtain a minimizer y/ . In fact in the case of g/ Bygi < 0 we

have y; TBrgi > 0, if |||’ /ngkgk<Ak/llgkll then y,, =
gl /ngkgk else ym = Ay/||gk]|- Therefore, in the case of gl Brgr <0 we have

1
mi(0) — my(—y'g) = Vo llgell* — Eymg,kagk
> || gkl Ak

(Dl
> omin( A1,y 51 ).

In the case of gl Bygi > 0, if ||gx||* /¢! Bigr < Ax/l|gx|| then we have

1
me(0) — m(—yig1) = Yo llgell” — Eymgingk

2
2 lel® 1 el

~ gl B
giBgr 2 (gZBkgk)z ¢
4
e
T2 g Brgx
1l
2 1]
Lo el
z—ngkumm(Ak, ,
2 B4

else, since |[g¢[|/giBrgr > Av/l|gell. we have giBigi/|lgk|l> < |lgxl|/Ax. and thus

A
m(0) — mi(—y,g) = llgell e — (H "”)ngkgk

g1 Bigk
ZAkllng—*Ai' e
Il gxll

1
> Allgll — EAk”ng

1
=—A
Al

Lo sl
> —Hgkumm(
2 B
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By letting ¢; = 1/2, it follows that

. k
m(0) = () = €1 min A 1541 ).
This shows that py = —y! ¢x € Ay — x; satisfies equations (17) and (18) and hence
satisfies equations (11) and (12) for ¢; = 1/2. If p; is a solution to the subproblem
equation (16) then we have

mi(0) — my(pr) = mi(0) — my(—y,,8x)-

The proof is completed. a

We can obtain similar results as in Lemmas 2.2 and 2.3 by using Lemma 3.1 and
Lemmas 2.2 and 2.3.

Theorem 3.1. Let 7 =0 in the Algorithm model. Suppose that ||Bi||< 3 for some
constant (3, that f is continuously differentiable and bounded below on the level set L
and that all approximate solutions of equation (16) satisfy the inequalities (17) and
(18), for some positive constants ¢; and . We then have

li/?linf||gk|| = 0.

Theorem 3.2. Let 7 € (0,4) in the Algorithm model. Suppose that ||By||< /3 for some
constant (3, that f is Lipschitz continuously differentiable and bounded below on the
level set Ly and that all approximate solutions of equation (16) satisfy the inequalities
(17) and (18), for some positive constants ¢; and . We then have

lim ||g]| = 0.
k—o00

Theorems 3.1 and 3.2 are essentially similar to Lemmas 2.2 and 2.3. However,
solving equations (17) and (18) is also difficult. From the view of computation and
storage, line search methods seem to be easier to implement than trust region methods.
Therefore line search methods are more suitable to solve large scale optimization
problems than trust region methods.

We expect to combine line search methods and trust region methods to construct
a new memory gradient method with trust region. We hope that the new algorithm is
not only implementable, effective and robust, but also has less costs of storage and
computation.

4. A convergent version of the new method

We assume that

(H1). The function f(x) has a lower bound on R".
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(H2). The gradient g(x) is Lipschitz continuous in an open convex set B that
contains Ly = {x € R"|f(x) < f(xo)}, where xq is given, i.e., there exists
an L > 0 such that

1) —gW)ll= Lix = yll, vx,y €B. (19)

(H3). The gradient g(x) of f(x) is uniformly continuous in an open convex set B
that contains L.

It is apparent that Assumption (H2) implies (H3).
Suppose that m > 0 is an integer and my is defined by

my = min(k, m). (20)

We describe an implementable memory gradient method with trust region as
follows.

Algorithm (A).

Step 0. Given 0 < p <1, pup < pp < 1, a fixed integer m > 2, s € (m — 1,00),
Ly > 0, andx; € "R", setk := 1,

Step 1. If ||g«|| = O then stop; else go to Step 2;

Step 2. xpi1 =X + akdk(ﬂ,yi)mkﬂ, . ,ﬁ,Ek)) where
my
k k k
(B s B = =3 B8, (21)
i=1
and {ﬁ,((k_)i Lp(i=1,2,...,my) is a solution to the minimization problem
(SP):

min{gzdk(ﬂk—mﬁ-la cee aﬁk) =+ %Lkndk(ﬁk—mk-&-la cee 7ﬂk)”2},
my.

S.L. Zﬁk—i-&-l s, /Bk—i-H € [O7S;(]7i: 1727"'7mk )
i=1

with

2
L, > 0, s}( =y, sh= Il

k= ,(i:2,...,mk>,
lgxll® + 187 gr—is1]

and oy is chosen by the line search rules (a), (b), (c), (d) or (e);

Step 3. Set k := k + 1 and goto Step 1.
For simplicity, we denote dk(ﬂ,(f_)mk INTER ,Ek)) by d; throughout the paper and
||-|| denotes the Euclidean norm on R".
If L, =0, we can solve the subproblem (SP) by implementing the following
procedure:

B,Ek) =s; if gl gi_ir1 = 0, then ﬁ,@iﬂ =5, else /B,E]i)m =0(=2,3,...,my).
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Generally, for k>2, we estimate L; by Barzilai and Browein’s technique [1], that is, L;
is a solution to the minimization problem

min ||L(x; — x3—1) — — gl
min [[Lxe —xe—1) — (8 — 1)l

and thus r
(Xk - kal) (gk - gkfl)

e — x|

Ly =

Lemma 4.1. For all £ > 1,
gidi <— (s —m+ 1) gl

Proof. By ﬂlgli)iﬂfs};, (i=1,...,my), we have
_oTd = %ﬂ(k) T,
8 Ak = . ‘ k—i+18k 8k—i+1
=
k 2k
= 60 1gel® + 3 8,18l grin
i—
&K (k 2 Bk
> (5= 85 llal? + 35 80l
i= —
2 3k 2
= sllgnl® = 3 Bl — gfgeina]

my .
>s)lgell* - %Sk[llgkl\z + 18k 8k-i+1]]

2 2
= sllgxll” = (m — 1)||gxll
> (s —m+1)]|g]|”.

This completes the proof. u

Lemma 4.2. For all k > 1,
[dil| < 2s6%,

where

6 = max {{lgi]|}-
Proof. The conclusion is obvious. The proof is omitted.

Lemma 4.2 shows that d; is in a trust region, and we can call this method a
memory gradient method with trust region. Thereby, the memory gradient method
with trust region has both the advantage of simple structure of line search methods and
the advantage of strong convergence of trust region methods in some sense. Other
similar memory gradient methods have no such a property [3, 4, 26].



Z.-J. Shi and J. Shen! Memory gradient method for unconstrained optimization 185

Lemma 4.3. If (H1) and (H3) hold, Algorithm (A) with the line search rules (c), (d) or
(e) generates an infinite sequence {x;}, then the sequence {||gi||} and {||di||} are
bounded for all k£ > 1.

Proof. From Lemma 4.2, it is sufficient to prove that {||gx||} has a bound. We use
reduction to absurdity to prove the conclusion. Suppose that {||gx||} has no bound, then

lim &; = oo.
k—o0

It is shown that there exists an infinite subset N C {m,m + 1,...} such that
Or = Hng — o0, Vk € N. (22)

By (H1), line search rules (c), (d) and (e), we can obtain that { f;} is a decreasing
sequence and has a lower bound, thus {f;} is a convergent sequence. Therefore

Zak(—g,{dk) < 00.
k=m
By Lemma 4.1, we have
- 2
> aulal? < oo (23)
k=m
Since N C {m,m + 1, ...}, by equation (23), we have
> gl < aullgl® < oo (24)
keN k=m

By Lemma 4.2 and equation (22), we obtain

||ldk|| <256 = 2s]|gk]|, Vk € N. (25)
From equations (24) and (25), it holds that
Sl < oo, (26)
keN
thus
ax||de|[* = O(k € N,k — o). (27)

By Lemma 4.1 and Cauchy-Schwartz inequality, we have ||gi|-|ldk|>—
efdi > (s —m+ 1) g, and thus [|di[|> — gldi>(s — m + 1)||g]. It follows from
equation (22) that

||di|| — oco(k € N,k — o0).

By equation (27), we have
agllde|l = 0(k € N,k — o0). (28)
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For Armijo line search rule (c), let Ny = {k| oy = s}, N2 = {k| ax < s}, by
equation (23) we have

2 2
D aulladl® + Y cnllel® < oo

keN, kEN;

and thus, if N, is an infinite subset, then

Y adledll =5 sl < oo,

kEN, keN,;

therefore ||gx|| — O(k € N1,k — o0). This shows that N C N, and 2oy < s,Vk € N.
From Armijo line search rule, it must hold that

fi — foo + 204dy) < —2pp0ugidy, Yk € N. (29)
By using the mean value theorem, there exists 6; € [0, 1] such that
fe — F o+ 2audy) = —20u8(xi + 2006kdi)” dy.
Noting equation (29), we have
g(x + 2aubidy) dy > pogldy, Vk € N. (30)
By Lemma 4.1, equations (25) and (30) we have

(1 — p2)(—gdr)

(g(xk + 20u0dy) — gi)"dy

i -l g (xic + 2cubrdi) — gk

25| gll-Ilg(xe + 20u0kdi) — gkll, Vk € N,

(s = m+1)(1 = p2)llgxll®

INININ A

thus
(s —m+ 1)1 — p)|lgrll < 2s||g(xk + 20ubidy) — gil|, Vk € N.
By (H3) and equation (28), we have
184l — O(k € N, k — o0).

This contradicts equation (22), therefore {||gx||} has a bound.
For Goldstein line search rule (d), by the mean value theorem, there exists
0r € 10, 1] such that

—ong(u + bidy) di = fi — fir1 < — poglds,
thus

g(xk + Oékekdk)Tdk > ,uzg,{dk. (31)
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By equations (31) and (25), Lemmas 4.1 and 4.2, and Cauchy-Schwartz inequality,
we have

(s=m+1)(1—m)llecll® < (1— ) (—glds)
< (g0 + axbedy) — g1)"di
< |lg(ox + arbrdr) — gi)ll-[dk|
< 2s||g(xx + cubrdi) — gkl|-||gxll, Vk € N,

thus
(s =m+1)(1 — po)lgell < 2sllg(xe + ubidi) — gll-
Noting (H3), equation (28), we obtain that
gkl — O(k € N,k — o).

This contradicts equation (22), therefore the boundedness of {||gc||} is proved.
For Wolfe line search rule (e), we have

g + awdy) di > gl dy, (32)

thus, by Lemmas 4.1 and 4.2, equation (25) and Cauchy—Schwartz inequality, we
obtain

IA

(1 = p2)(—gidi)

(gks1 — &)

llgk+1 — grll-l|dll
2s|gxll-llgx+1 — &kll, Yk € N.

(s = m+ 1)(1 = pz2) | gx]]*

ININ A

Therefore

(s =m+1)(1 = po)lgell < 2sllgk+1 — g«ll-
Noting (H3) and equation (28) we obtain
llgx|l — O(k € N,k — o0).

This contradicts equation (22), therefore the boundedness of {||gc||} is proved.
In summary, we obtain that {||gc||} has a bound. By Lemma 4.2, {||di|| } has also
a bound. The proof is complete. o

Theorem 4.1. Assume that (H1) and (H3) hold, Algorithm (A) with the line search
rules (c), (d) or (e) generates an infinite sequence {x;}, then
lim gl = 0. (33)

Proof. By Lemmas 4.1 and 4.3, it follows that the search direction sequence {d;} is
uniformly gradient related to {x;}. By Lemma 2.1, the conclusion is proved. |
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Corollary 4.1. Assume that (H1) and (H2) hold, Algorithm (A) with the line search
rules (c), (d) or (e) generates an infinite sequence {x;}, then equation (33) holds.

Proof. Because Assumption (H2) implies (H3), in this case the conditions of Theorem
4.1 hold, thus equation (33) holds. O

Lemma 4.2. If (H1) and (H2) hold, Algorithm (A) with the line search rules (a) and
(b) generates an infinite sequence {x;}, then the sequences {|/gc||} and {||dk||} are
bounded for all k> 1.

Proof. By the mean value theorem and (H2) we have
fOxi+ady) = fi+aglhd + ozj;l lg(u + tady) — &)’ dudr
i+ aglds + o s+ 1) — -
< fi +agidi + % o2L||dy ||
By Lemma 4.1 and letting

IA

B gidy
L|di||?

in the above inequality we have

fOx +ardy) —fr < fla + ady)

(i)
2L\ ||dx||

Csmmt 1)l
) PN PAT

where oy is defined by line search rules (a) or (b). By (H1) and Lemma 4.2 we have

llgel* Il gl
<
Z 2562 = ZHdkHZ >

k=1

If {||gk||} has no bound then there exists an infinite subset N C {m,m + 1,...} such
that equation (22) holds. Thus

o Z gk 2i Z Hng

keN

which contradicts equation (22). The proof is complete. |

Theorem 4.2. If (H1) and (H2) hold, Algorithm (A) with the line search rules (a) and
(b) generates an infinite sequence {x;}, then

lim ||gx|| = 0.
k—00
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Proof. By Lemmas 4.1 and 4.3, it follows that the search direction sequence {d;} is
uniformly gradient related to {x;}. By Lemma 2.1, the conclusion is proved.

5. Linear convergence rate

Lemma 5.1. Assumption (H2) holds, Algorithm (A) generates an infinite sequence
{x«}, then either

fk —kaZUOHngZ;(k: 1727"')7 (34)

or there exists an infinite subset N C {1,2, ...} such that

. lgell’
| =0 35
Jim {185 o (53)

where 1 is a constant, and 6, is defined in Lemma 4.2.
Proof. If the step size oy satisfies

n = il\}kf{oék} > 0, (36)

then by line search rules (d) and (e), and Lemma 4.1, we have

e = fin — pougrdy
2
pam (s —m+ 1) gl

2
= "70Hng )

v

IV

where 79 = 111 (s —m + 1); by line search rule (c) and Lemma 4.1, we also have

2
S — feer = molleell,

where 79 = p1m;(s —m + 1). This shows that equation (34) holds.
For exact minimization rule (a) and limited minimization rule (b), suppose that
aff is the step size defined by (a) or (b) and «y is the step size defined by (c). Then

fio = Fou + aifdy) = fi — fonr = moll gl

which shows that equation (34) also holds for line search rules (a) and (b).
If equation (36) doesn’t hold then there exists an infinite subset N C
{m,m+1,...} such that

(etfo L) =0 7
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For line search rules (d) and (e), by equations (31) and (32), Lemma 4.1 and (H2), we
have
1§ (e + oubidi) — |- ||k |
L|ldy*

(g + cubedr) — gi)" di

L|ldy]®
(1 — po)gid

L|jdi]?

(1= p2)(s = m+ 1) gall”
> 5 :

673

From equation (37), it follows that equation (35) holds.
For Armijo line search rule (c), by equation (37), it holds that oy < s,Vk € N,
thus equation (30) holds. Also by Lemma 4.1, (H2) and equation (37), we have

o > 80+ 20u0ide) — gull ikl (1= p2)(s —m+ 1)llgx®
- 2L P i 2L0; |

which shows that equation (35) holds.
For exact minimization rules (a) and (b), if equation (37) holds, then we must
have ngdk = 0,Vk € N. Therefore,

2
N ZHng —gk[-HdkH N (S—m+21)Hng 7
L||dy]| Lé;

which shows that equation (35) holds. O
Assumption. (H4). f(x) is twice continuously differentiable, Algorithm (A) generates
an infinite sequence {x;} converging to x*, and suppose that there exist M’ > m' > 0

and a neighboring region Ns(x*) = {x € R"|||x — x*|| < 6} of x* such that

nl|yI* < ¥V )y < M|yl ¥ € Ns(),y € R". (38)

Lemma 5.2. [15]. If Assumption (H4) holds, then f has a unique minimizer X" in
Ns(x*), g is a Lipschitz continuous function on Ns(x™), and

mlx = x4 < Flx) —f) < AM e — x|,

m |l — ¥ < Jlg@)ll = M[|x — x*].
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Theorem 5.1. If Assumption (H4) holds, Algorithm (A) generates an infinite
sequence {x;} converging to x*, then either

lim sup [l — x*|[ < 1, (39)
k—00
or there exists an infinite subset N C {1,2,...} and i, € {1,2,...,m} such that
, e — |l
lim ———=0. (40)
keN k—oo || Xk—ig+1 — X*]|
Proof. If equation (34) holds, then equation (39) is proved in a similar way in [15]. If
equation (35) holds, then there must exist iy € {1,2,...,m} such that & = ||gk—i+1],
thus
2
e’
keNk—oc [|giips1 |

By Lemma 5.2, we have that equation (40) holds. This completes the proof. O

6. Numerical experiments

The conjugate gradient method takes the form equation (3) in which

2

FR __ [l gxll PRP __ gg(gk — 8k-1)  Hs _ gZ(gk — 8k-1)

kK ' Mk - M — .
gkt k1] di_8k-1

Its corresponding method is called FR, PRP, HS conjugate gradient method (e.g. [2,
14, 15, 17, 24, 25]), respectively. For non-quadratic objective function in equation (1),
we use Wolfe line search rule to choose the step size oy in steepest descent method,
and in FR, PRP, HS methods, etc. The new method in the paper is denoted by NM, the
steepest descent method by SM. All these methods have the same property that avoids
the overhead and evaluation of second derivative of f, the storage and computation of
matrix associated with Newton type methods.

We chose some test problems and conducted some numerical experiments, which
show that the new algorithm is useful in practical computation.

Test 1. [12]
fx) = (x1 + IOXZ)4 +5(x3 — X4)4 + (v — 2X3)4 + 10(x —x4)4,
Xo = (27 27 _27 _2)Ta x* = (O) 0705 O)Tv f* =0.
Test 2. [6]
2 2 o 2
f=0=x)"+ (1 =x10)" 4+ 205 —xi01)7,

xo=(=2,...,-2)", x=(,...,D" f =o.
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Test 3. Extended Powell function [9]

n—3

F= 300+ 10x51)" + 5(xis2 — xi03)” + (X1 — 2xi02) "+ 10(x; — x143) 7],

i=1

xo=(3,-1,0,1,...,3,—1,0,1)", x*=(0,0,...,0)", f*=0.

We used Test 3-9 to denote respectively the cases of n = 100, n = 1000, n =

10000, n

15000, n

20000, n = 25000, n = 30000 in Test 3. We take p =

0.87, o =038, m =23, eps= 10" and use Armijo line search rule in Algorithm
(A). The numerical results are reported in table 1. A Computer with Pentium IV/1.2
Gh and C++ programming language are used in implementing the algorithm.

In the numerical experiment, we used Barzilai and Borwein’s technique to
estimate the parameter L; in the new method [1]. In fact, L; is an approximation to the
Lipschitz constant of the gradient of f(x). If L is a known priori in Assumption (H2)
then we take L, = L, otherwise, we can take

(g — gkfl)T(xk — X4—1)

2 )

[l — x|
or take

lge — gl

Lk = T )
(Xk - Xk—l) (gk - gk—l)
Table 1
Numerical results.

T NM SM FR PRP HS
T1 18, 123 31, 656 80, 1241 26, 523 43,310
T2 63, 1002 146, 2293 654, 1988 92, 1500 121, 1828
T3 69, 143 204, 528 76, 1691 194, 1205 108, 2034
T4 83, 1326 688, 6506 178, 4157 143, 4734 122, 2748
T5 123, 1641 3,424, 23451 1,273, 6346 781, 3721 918, 7212
T6 168, 2453 524, 6521 428, 5328 594, 6235 612, 5289
T7 193, 3143 1,245, 8362 638, 6279 794, 8261 538, 3483
T8 269, 5133 638, 9280 382, 6392 432, 8462 346, 7392
T9 352, 6442 578, 9210 638, 12763 428, 7621 419, 6893
T10 87, 176 248, 521 152, 317 177, 469 226, 445
T11 63, 126 88, 194 74, 263 68, 185 61, 167
T12 42, 98 66, 127 65, 163 58, 164 61, 137
T13 116, 1432 135, 1987 121, 2138 138, 1817 119, 1734
T14 11, 56 21,78 27, 82 25,93 16, 72
T15 8, 33 14, 69 18, 32 12, 47 14, 57
CPU 384 s 860 s 721 s 684 s 727 s
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whenever k > 2. In our numerical experiments, we used the first estimation because of

(g — gk—l)T(xk — X4—1)

e — x|

< gk = gl llree — x|l

e — x|
_ gk = gill
[k = 21
< L.

Other test problems, denoted by Tests 10—15, were chosen from the book [29].
Test 10.

20
flx) = Z[(xl + xat; — exp(t))* + (x3 + x4 sin (;) — cos(1;))?],

i=1
where f; = 0.2i,i = 1,...,20; xo = (25,5, -5, —1)",

x* = (—10.22,11.91, —0.4580,0.5803)T, f(x*) =903.234.
Test 11.

—+

i=1

8 8
flx) = —[Zx?]*lgx?

xo=(1,1,1,1,1,1, 1, l)T, x* = (0.498,0.499,0.502,0.504,0.503,0.502, 1, l)T,
f(x*) = —0.749976.
Test 12.

g 2
3
E x|,

Xo = 0,x* = (0.15E — 04,0.1,—0.0147, —0.146, 1, —2.62,4.1, —2.14, 1.05)",
F(x*) = 0.139977E — 05.
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Test 13.
30
fx) = ; a;i(x),
ai(x) = 420x; + (i — 15)° + ivij[(sin(log(wj)))s + (cos(log(vi)))’],

where v = \/x? +i/jixo = (x50 = 1,...,30)" = (—2.87427110;(0);
i=1,...,30)".

x* = (7898.84,6316.09,4957.31, 3806.63,2846.71,2060.11, 1429.46,937.42,
566.67,299.90, 119.83,9.16, —49.40, —73.12, —79.28, —85.16, —108.03,
—165.16, —273.82, —451.27, —714.77, —1081.60, — 1569, —2194.25, —2974.59,
—3927.29, —5069.59, —6418.77, —7992.06, —9806.72)" , f(x*) = 0.

Test 14.
f(x) = [—13 +x; —2x + 5X§ — X;]z + [—29 +x; — 14x, +x° +x;]2
where xo = (15, —2)T, x* = (5,4), f(x*) =0.

Test 15.

)

f(x) = (x1 — X2 +X3>2 + (—X1 +X2 +X3)2 + (X] +X2 —X3)2,

where xo = (100, —1,2.5)", x* = (0,0,0)", f(x*) = 0.

With each pair of numbers in table 1, the first number denotes the number of
iterations and the second number denotes function evaluations. CPU denotes the total
CPU time for solving all the mentioned problems. The computational results show that
the new method proposed in this paper is very efficient, robust and stable in practical
computation. First of all, the new method in the paper avoids the evaluation of second
derivatives of f. Secondly, the storage of any matrix associated with the Newton type
method is avoided at each iteration.

Moreover, the new method needs less iterative number and less evaluation
number of f and then less total CPU time than FR, PRP, HS, and steepest descent
method. The memory gradient method with trust region is more suitable to solve large
scale unconstrained optimization problems. In fact, we compare the results of new
method with that of restart conjugate gradient method and other conjugate gradient
method without line searches. The comparison shows that the search direction of the
new algorithm is a good search direction at each iteration.

7. Conclusion

In this paper we presented a new memory gradient method with trust region for
unconstrained optimization problems. The method combines line search method and



Z.-J. Shi and J. Shen! Memory gradient method for unconstrained optimization 195

trust region method to generate new iterative points at each iteration and therefore has
both advantages of line search methods and trust region methods. It sufficiently uses
previous multi-step iterative information at each iteration and avoids the storage and
computation of matrices associated with Hessian of objective functions, so that it is
suitable to solve large scale optimization problems. The paper also designed an
implementable version of the new method and analyzed its global convergence under
weak conditions. This idea makes us design some quick convergent, effective, and
robust algorithms since it uses more information from previous iterative steps and has
a trust region. Preliminary numerical experiment shows that the new method is
effective and robust in practical computation, compared with other similar methods.
For the future research, we may choose search direction at each iteration as

dp = —ﬂlik)gk - Zﬁ;@iﬂdk—iﬂ,k >m
=2

or
di = B g — Z/Bjili)l’+1(xk — Xj—it1),k=m
i

or other forms of linear combination of previous iterative information. Moreover, we
can use the trust region approach to design memory gradient algorithms without line
search.

Acknowledgements

The authors would like to thank the referees and the editor for their valuable
comments and suggestions that greatly improved the paper.

References

[1] J. Barzilai and J.M. Borwein, Two-point step size gradient methods, IMA J. Numer. Anal. 8 (1988)
141-148.

[2] D.P. Bertsekas, Constrained Optimization and Lagrange Multiplier Methods (Academic, New York,
1982).

[3] J.W. Cantrell, Relation between the memory gradient method and the Fletcher—Reeves method, J.
Optim. Theory Appl. 4 (1969) 67-71.

[4] E.E. Cragg and A.V. Levy, Study on a supermemory gradient method for the minimization of
functions, J. Optim. Theory Appl. 4 (1969) 191-205.

[5] A.R. Conn, N. Gould, A. Startenaer and P.L. Toint, Global convergence of a class of trust region
algorithms for optimization using inexact projections on convex constraints, SIAM J. Optim. 3
(1993) 164-221.

[6] L.W.C. Dixon, Conjugate directions without line searches, J. Inst. Math. Appl. 11 (1973) 317-328.

[7]1 Y.H. Dai and Y. Yuan, Nonlinear Conjugate Gradient Method (Shanghai Science and Technology,
1999).



196

(8]

(9]
[10]
(11]
[12]
[13]
[14]
[15]
[16]

(17]
[18]

[19]

[20].

(21]
(22]
(23]
(24]
[25]
[26]
[27]

(28]
[29]

(30]

(31]

Z.-J. Shi and J. Shen! Memory gradient method for unconstrained optimization

A. Friedlander, J.M. Martinez, B. Molina and M. Raydan, Gradient method with retards and
generalizations, SIAM J. Numer. Anal. 36 (1999) 275-289.

L. Grippo, F. Lampariello and S. Lucidi, A class of nonmonotone stability methods in unconstrained
optimization, Numer. Math. 62 (1991) 779-805.

J.C. Gilbert and J. Nocedal, Global convergence properties of conjugate gradient methods for
optimization, SIAM J. Optim. 2 (1992) 21-42.

L. Grippo and S. Lucidi, A globally convergent version of the Polak—Ribiére conjugate gradient
method, Math. Program. 78 (1997) 375-391.

H.Y. Huang and J.P. Chambliss, Quadratically convergent algorithms and one-dimensional search
schemes, J. Optim. Theory Appl. 11 (1973) 175-188.

M.R. Hestenes, Conjugate Direction Methods in Optimization (Springer Berlin Heidelberg New
York, 1980).

R. Horst, P.M. Pardalos and A.V. Thoai, Introduction to Global Optimization (Kluwer, Dordrecht,
1995).

D.C. Luenberger, Linear and Nonlinear Programming, second edition (Addition Wesley, Reading,
MA, 1989).

A. Miele and J.W. Cantrell, Study on a memory gradient method for the minimization of functions,
J. Optim. Theory Appl. 3 (1969) 459-470.

J. Nocedal and S.J. Wright, Numerical Optimization (Springer, Berlin Heidelberg New York, 1999).
J.M. Ortega and W.C. Rheinboldt, Iterative Solution of Nonlinear Equations in Several Variables
(Academic Press, New York, 1970).

M. Raydan, The Barzilai and Borwein gradient method for large scale unconstrained minimization
problems, SIAM J. Optim. 7 (1997) 26-33.

M. Raydan and B.F. Svaiter, Relaxed steepest descent and Cauchy—Barzilai—-Borwein method,
Comp. Optim. Appl. 21 (2002) 155-167.

J.A. Snyman, A new and dynamic method for unconstrained minimization, Appl. Math. Model. 6
(1982) 449-462.

J. Schropp, A note on minimization problems and multistep methods, Numer. Math. 78 (1997)
87-101.

J. Schropp, One-step and multistep procedures for constrained minimization problems, IMA J.
Numer. Anal. 20 (2000) 135-152.

Z.J. Shi, Modified HS conjugate gradient method and its global convergence (in Chinese), Math.
Numer. Sin. 23 (2001) 333-406.

Z.J. Shi, Restricted PR conjugate gradient method and its convergence (in Chinese), Adv. in Math.
31 (2002) 47-55.

Z.J. Shi and J. Shen, A gradient-related algorithm with inexact line searches, J. Comput. Appl.
Math. 170 (2004) 349-370.

A. Vardi, A trust region algorithm for equality constrained minimization: Convergence properties
and implementation, SIAM J. Numer. Anal. 22 (1985) 575-591.

D.J. Van Wyk, Differential optimization techniques, Appl. Math. Model. 8 (1984) 419-424.

K. Schittkowski, More Test Examples for Nonlinear Programming Codes, Lecture Notes in
Economics and Mathematical Systems, 282 (Springer, 1987).

M.N. Vrahatis, G.S. Androulakis, J.N. Lambrinos and G.D. Magolas, A class of gradient
unconstrained minimization algorithms with adaptive stepsize, J. Comput. Appl. Math. 114
(2000) 367-386.

M.A. Wolfe and C. Viazminsky, Supermemory descent methods for unconstrained minimization,
J. Optim. Theory Appl. 18 (1976) 455-468.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AardvarkPSMT
    /AceBinghamSH
    /AddisonLibbySH
    /AGaramond-Italic
    /AGaramond-Regular
    /AkbarPlain
    /Albertus-Bold
    /AlbertusExtraBold-Regular
    /AlbertusMedium-Italic
    /AlbertusMedium-Regular
    /AlfonsoWhiteheadSH
    /Algerian
    /AllegroBT-Regular
    /AmarilloUSAF
    /AmazoneBT-Regular
    /AmeliaBT-Regular
    /AmerigoBT-BoldA
    /AmerTypewriterITCbyBT-Medium
    /AndaleMono
    /AndyMacarthurSH
    /Animals
    /AnneBoleynSH
    /Annifont
    /AntiqueOlive-Bold
    /AntiqueOliveCompact-Regular
    /AntiqueOlive-Italic
    /AntiqueOlive-Regular
    /AntonioMountbattenSH
    /ArabiaPSMT
    /AradLevelVI
    /ArchitecturePlain
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMTBlack-Regular
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeLight
    /ArialUnicodeLight-Bold
    /ArialUnicodeLight-BoldItalic
    /ArialUnicodeLight-Italic
    /ArrowsAPlentySH
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /Asiana
    /AssadSadatSH
    /AvalonPSMT
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /AvantGardeITCbyBT-Demi
    /AvantGardeITCbyBT-DemiOblique
    /AvantGardeITCbyBT-Medium
    /AvantGardeITCbyBT-MediumOblique
    /BankGothicBT-Light
    /BankGothicBT-Medium
    /Baskerville-Bold
    /Baskerville-Normal
    /Baskerville-Normal-Italic
    /BaskOldFace
    /Bauhaus93
    /Bavand
    /BazookaRegular
    /BeauTerrySH
    /BECROSS
    /BedrockPlain
    /BeeskneesITC
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BenguiatITCbyBT-Bold
    /BenguiatITCbyBT-BoldItalic
    /BenguiatITCbyBT-Book
    /BenguiatITCbyBT-BookItalic
    /BennieGoetheSH
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardBoldCondensedBT-Regular
    /BernhardFashionBT-Regular
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /Bethel
    /BibiGodivaSH
    /BibiNehruSH
    /BKenwood-Regular
    /BlackadderITC-Regular
    /BlondieBurtonSH
    /BodoniBlack-Regular
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /BodoniBT-Bold
    /BodoniBT-BoldItalic
    /BodoniBT-Italic
    /BodoniBT-Roman
    /Bodoni-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Regular
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolFive
    /BookshelfSymbolFour
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /BookwomanDemiItalicSH
    /BookwomanDemiSH
    /BookwomanExptLightSH
    /BookwomanLightItalicSH
    /BookwomanLightSH
    /BookwomanMonoLightSH
    /BookwomanSwashDemiSH
    /BookwomanSwashLightSH
    /BoulderRegular
    /BradleyHandITC
    /Braggadocio
    /BrailleSH
    /BRectangular
    /BremenBT-Bold
    /BritannicBold
    /Broadview
    /Broadway
    /BroadwayBT-Regular
    /BRubber
    /Brush445BT-Regular
    /BrushScriptMT
    /BSorbonna
    /BStranger
    /BTriumph
    /BuckyMerlinSH
    /BusoramaITCbyBT-Medium
    /Caesar
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-Italic
    /CalligrapherRegular
    /CameronStendahlSH
    /Candy
    /CandyCaneUnregistered
    /CankerSore
    /CarlTellerSH
    /CarrieCattSH
    /CaslonOpenfaceBT-Regular
    /CassTaylorSH
    /CDOT
    /Centaur
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturyOldStyle-BoldItalic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Cezanne
    /CGOmega-Bold
    /CGOmega-BoldItalic
    /CGOmega-Italic
    /CGOmega-Regular
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /Charting
    /ChartreuseParsonsSH
    /ChaseCallasSH
    /ChasThirdSH
    /ChaucerRegular
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /ChildBonaparteSH
    /Chiller-Regular
    /ChuckWarrenChiselSH
    /ChuckWarrenDesignSH
    /CityBlueprint
    /Clarendon-Bold
    /Clarendon-Book
    /ClarendonCondensedBold
    /ClarendonCondensed-Bold
    /ClarendonExtended-Bold
    /ClassicalGaramondBT-Bold
    /ClassicalGaramondBT-BoldItalic
    /ClassicalGaramondBT-Italic
    /ClassicalGaramondBT-Roman
    /ClaudeCaesarSH
    /CLI
    /Clocks
    /ClosetoMe
    /CluKennedySH
    /CMBX10
    /CMBX5
    /CMBX7
    /CMEX10
    /CMMI10
    /CMMI5
    /CMMI7
    /CMMIB10
    /CMR10
    /CMR5
    /CMR7
    /CMSL10
    /CMSY10
    /CMSY5
    /CMSY7
    /CMTI10
    /CMTT10
    /CoffeeCamusInitialsSH
    /ColetteColeridgeSH
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CommercialPiBT-Regular
    /CommercialScriptBT-Regular
    /Complex
    /CooperBlack
    /CooperBT-BlackHeadline
    /CooperBT-BlackItalic
    /CooperBT-Bold
    /CooperBT-BoldItalic
    /CooperBT-Medium
    /CooperBT-MediumItalic
    /CooperPlanck2LightSH
    /CooperPlanck4SH
    /CooperPlanck6BoldSH
    /CopperplateGothicBT-Bold
    /CopperplateGothicBT-Roman
    /CopperplateGothicBT-RomanCond
    /CopticLS
    /Cornerstone
    /Coronet
    /CoronetItalic
    /Cotillion
    /CountryBlueprint
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /CSSubscript
    /CSSubscriptBold
    /CSSubscriptItalic
    /CSSuperscript
    /CSSuperscriptBold
    /Cuckoo
    /CurlzMT
    /CybilListzSH
    /CzarBold
    /CzarBoldItalic
    /CzarItalic
    /CzarNormal
    /DauphinPlain
    /DawnCastleBold
    /DawnCastlePlain
    /Dekker
    /DellaRobbiaBT-Bold
    /DellaRobbiaBT-Roman
    /Denmark
    /Desdemona
    /Diploma
    /DizzyDomingoSH
    /DizzyFeiningerSH
    /DocTermanBoldSH
    /DodgenburnA
    /DodoCasalsSH
    /DodoDiogenesSH
    /DomCasualBT-Regular
    /Durian-Republik
    /Dutch801BT-Bold
    /Dutch801BT-BoldItalic
    /Dutch801BT-ExtraBold
    /Dutch801BT-Italic
    /Dutch801BT-Roman
    /EBT's-cmbx10
    /EBT's-cmex10
    /EBT's-cmmi10
    /EBT's-cmmi5
    /EBT's-cmmi7
    /EBT's-cmr10
    /EBT's-cmr5
    /EBT's-cmr7
    /EBT's-cmsy10
    /EBT's-cmsy5
    /EBT's-cmsy7
    /EdithDaySH
    /Elephant-Italic
    /Elephant-Regular
    /EmGravesSH
    /EngelEinsteinSH
    /English111VivaceBT-Regular
    /English157BT-Regular
    /EngraversGothicBT-Regular
    /EngraversOldEnglishBT-Bold
    /EngraversOldEnglishBT-Regular
    /EngraversRomanBT-Bold
    /EngraversRomanBT-Regular
    /EnviroD
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErasITC-Ultra
    /ErnestBlochSH
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EuroRoman
    /EuroRomanOblique
    /ExxPresleySH
    /FencesPlain
    /Fences-Regular
    /FifthAvenue
    /FigurineCrrCB
    /FigurineCrrCBBold
    /FigurineCrrCBBoldItalic
    /FigurineCrrCBItalic
    /FigurineTmsCB
    /FigurineTmsCBBold
    /FigurineTmsCBBoldItalic
    /FigurineTmsCBItalic
    /FillmoreRegular
    /Fitzgerald
    /Flareserif821BT-Roman
    /FleurFordSH
    /Fontdinerdotcom
    /FontdinerdotcomSparkly
    /FootlightMTLight
    /ForefrontBookObliqueSH
    /ForefrontBookSH
    /ForefrontDemiObliqueSH
    /ForefrontDemiSH
    /Fortress
    /FractionsAPlentySH
    /FrakturPlain
    /Franciscan
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /FranklinUnic
    /FredFlahertySH
    /Freehand575BT-RegularB
    /Freehand591BT-RegularA
    /FreestyleScript-Regular
    /Frutiger-Roman
    /FTPMultinational
    /FTPMultinational-Bold
    /FujiyamaPSMT
    /FuturaBlackBT-Regular
    /FuturaBT-Bold
    /FuturaBT-BoldCondensed
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-ExtraBlack
    /FuturaBT-ExtraBlackCondensed
    /FuturaBT-ExtraBlackCondItalic
    /FuturaBT-ExtraBlackItalic
    /FuturaBT-Light
    /FuturaBT-LightItalic
    /FuturaBT-Medium
    /FuturaBT-MediumCondensed
    /FuturaBT-MediumItalic
    /GabbyGauguinSH
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Antiqua
    /Garamond-Bold
    /Garamond-Halbfett
    /Garamond-Italic
    /Garamond-Kursiv
    /Garamond-KursivHalbfett
    /Garcia
    /GarryMondrian3LightItalicSH
    /GarryMondrian3LightSH
    /GarryMondrian4BookItalicSH
    /GarryMondrian4BookSH
    /GarryMondrian5SBldItalicSH
    /GarryMondrian5SBldSH
    /GarryMondrian6BoldItalicSH
    /GarryMondrian6BoldSH
    /GarryMondrian7ExtraBoldSH
    /GarryMondrian8UltraSH
    /GarryMondrianCond3LightSH
    /GarryMondrianCond4BookSH
    /GarryMondrianCond5SBldSH
    /GarryMondrianCond6BoldSH
    /GarryMondrianCond7ExtraBoldSH
    /GarryMondrianCond8UltraSH
    /GarryMondrianExpt3LightSH
    /GarryMondrianExpt4BookSH
    /GarryMondrianExpt5SBldSH
    /GarryMondrianExpt6BoldSH
    /GarryMondrianSwashSH
    /Gaslight
    /GatineauPSMT
    /GDT
    /Geometric231BT-BoldC
    /Geometric231BT-LightC
    /Geometric231BT-RomanC
    /GeometricSlab703BT-Bold
    /GeometricSlab703BT-BoldCond
    /GeometricSlab703BT-BoldItalic
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /GeometricSlab703BT-Medium
    /GeometricSlab703BT-MediumCond
    /GeometricSlab703BT-MediumItalic
    /GeometricSlab703BT-XtraBold
    /GeorgeMelvilleSH
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansBC
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSansCondensed-Bold
    /GillSansCondensed-Regular
    /GillSansExtraBold-Regular
    /GillSans-Italic
    /GillSansLight-Italic
    /GillSansLight-Regular
    /GillSans-Regular
    /GoldMinePlain
    /Gonzo
    /GothicE
    /GothicG
    /GothicI
    /GoudyHandtooledBT-Regular
    /GoudyOldStyle-Bold
    /GoudyOldStyle-BoldItalic
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleExtrabold-Regular
    /GoudyOldStyle-Italic
    /GoudyOldStyle-Regular
    /GoudySansITCbyBT-Bold
    /GoudySansITCbyBT-BoldItalic
    /GoudySansITCbyBT-Medium
    /GoudySansITCbyBT-MediumItalic
    /GraceAdonisSH
    /Graeca
    /Graeca-Bold
    /Graeca-BoldItalic
    /Graeca-Italic
    /Graphos-Bold
    /Graphos-BoldItalic
    /Graphos-Italic
    /Graphos-Regular
    /GreekC
    /GreekS
    /GreekSans
    /GreekSans-Bold
    /GreekSans-BoldOblique
    /GreekSans-Oblique
    /Griffin
    /GrungeUpdate
    /Haettenschweiler
    /HankKhrushchevSH
    /HarlowSolid
    /HarpoonPlain
    /Harrington
    /HeatherRegular
    /Hebraica
    /HeleneHissBlackSH
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HenryPatrickSH
    /Herald
    /HighTowerText-Italic
    /HighTowerText-Reg
    /HogBold-HMK
    /HogBook-HMK
    /HomePlanning
    /HomePlanning2
    /HomewardBoundPSMT
    /Humanist521BT-Bold
    /Humanist521BT-BoldCondensed
    /Humanist521BT-BoldItalic
    /Humanist521BT-Italic
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-Roman
    /Humanist521BT-RomanCondensed
    /IBMPCDOS
    /IceAgeD
    /Impact
    /Incised901BT-Bold
    /Incised901BT-Light
    /Incised901BT-Roman
    /Industrial736BT-Italic
    /Informal011BT-Roman
    /InformalRoman-Regular
    /Intrepid
    /IntrepidBold
    /IntrepidOblique
    /Invitation
    /IPAExtras
    /IPAExtras-Bold
    /IPAHighLow
    /IPAHighLow-Bold
    /IPAKiel
    /IPAKiel-Bold
    /IPAKielSeven
    /IPAKielSeven-Bold
    /IPAsans
    /ISOCP
    /ISOCP2
    /ISOCP3
    /ISOCT
    /ISOCT2
    /ISOCT3
    /Italic
    /ItalicC
    /ItalicT
    /JesterRegular
    /Jokerman-Regular
    /JotMedium-HMK
    /JuiceITC-Regular
    /JupiterPSMT
    /KabelITCbyBT-Book
    /KabelITCbyBT-Ultra
    /KarlaJohnson5CursiveSH
    /KarlaJohnson5RegularSH
    /KarlaJohnson6BoldCursiveSH
    /KarlaJohnson6BoldSH
    /KarlaJohnson7ExtraBoldCursiveSH
    /KarlaJohnson7ExtraBoldSH
    /KarlKhayyamSH
    /Karnack
    /Kashmir
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KeplerStd-Black
    /KeplerStd-BlackIt
    /KeplerStd-Bold
    /KeplerStd-BoldIt
    /KeplerStd-Italic
    /KeplerStd-Light
    /KeplerStd-LightIt
    /KeplerStd-Medium
    /KeplerStd-MediumIt
    /KeplerStd-Regular
    /KeplerStd-Semibold
    /KeplerStd-SemiboldIt
    /KeystrokeNormal
    /Kidnap
    /KidsPlain
    /Kindergarten
    /KinoMT
    /KissMeKissMeKissMe
    /KoalaPSMT
    /KorinnaITCbyBT-Bold
    /KorinnaITCbyBT-KursivBold
    /KorinnaITCbyBT-KursivRegular
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /Kristin
    /KunstlerScript
    /KyotoSong
    /LainieDaySH
    /LandscapePlanning
    /Lapidary333BT-Bold
    /Lapidary333BT-BoldItalic
    /Lapidary333BT-Italic
    /Lapidary333BT-Roman
    /LatinoPal3LightItalicSH
    /LatinoPal3LightSH
    /LatinoPal4ItalicSH
    /LatinoPal4RomanSH
    /LatinoPal5DemiItalicSH
    /LatinoPal5DemiSH
    /LatinoPal6BoldItalicSH
    /LatinoPal6BoldSH
    /LatinoPal7ExtraBoldSH
    /LatinoPal8BlackSH
    /LatinoPalCond4RomanSH
    /LatinoPalCond5DemiSH
    /LatinoPalCond6BoldSH
    /LatinoPalExptRomanSH
    /LatinoPalSwashSH
    /LatinWidD
    /LatinWide
    /LeeToscanini3LightSH
    /LeeToscanini5RegularSH
    /LeeToscanini7BoldSH
    /LeeToscanini9BlackSH
    /LeeToscaniniInlineSH
    /LetterGothic12PitchBT-Bold
    /LetterGothic12PitchBT-BoldItal
    /LetterGothic12PitchBT-Italic
    /LetterGothic12PitchBT-Roman
    /LetterGothic-Bold
    /LetterGothic-BoldItalic
    /LetterGothic-Italic
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Regular
    /LibrarianRegular
    /LinusPSMT
    /Lithograph-Bold
    /LithographLight
    /LongIsland
    /LubalinGraphMdITCTT
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSansUnicode
    /LydianCursiveBT-Regular
    /Magneto-Bold
    /Map-Symbols
    /MarcusHobbesSH
    /Mariah
    /Marigold
    /MaritaMedium-HMK
    /MaritaScript-HMK
    /Market
    /MartinMaxxieSH
    /MathTypeMed
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /MaudeMeadSH
    /MemorandumPSMT
    /Metro
    /Metrostyle-Bold
    /MetrostyleExtended-Bold
    /MetrostyleExtended-Regular
    /Metrostyle-Regular
    /MicrogrammaD-BoldExte
    /MicrosoftSansSerif
    /MikePicassoSH
    /MiniPicsLilEdibles
    /MiniPicsLilFolks
    /MiniPicsLilStuff
    /MischstabPopanz
    /MisterEarlBT-Regular
    /Mistral
    /ModerneDemi
    /ModerneDemiOblique
    /ModerneOblique
    /ModerneRegular
    /Modern-Regular
    /MonaLisaRecutITC-Normal
    /Monospace821BT-Bold
    /Monospace821BT-BoldItalic
    /Monospace821BT-Italic
    /Monospace821BT-Roman
    /Monotxt
    /MonotypeCorsiva
    /MonotypeSorts
    /MorrisonMedium
    /MorseCode
    /MotorPSMT
    /MSAM10
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MSReference1
    /MSReference2
    /MTEX
    /MTEXB
    /MTEXH
    /MT-Extra
    /MTGU
    /MTGUB
    /MTLS
    /MTLSB
    /MTMI
    /MTMIB
    /MTMIH
    /MTMS
    /MTMSB
    /MTMUB
    /MTMUH
    /MTSY
    /MTSYB
    /MTSYH
    /MT-Symbol
    /MTSYN
    /Music
    /MysticalPSMT
    /NagHammadiLS
    /NealCurieRuledSH
    /NealCurieSH
    /NebraskaPSMT
    /Neuropol-Medium
    /NevisonCasD
    /NewMilleniumSchlbkBoldItalicSH
    /NewMilleniumSchlbkBoldSH
    /NewMilleniumSchlbkExptSH
    /NewMilleniumSchlbkItalicSH
    /NewMilleniumSchlbkRomanSH
    /News702BT-Bold
    /News702BT-Italic
    /News702BT-Roman
    /Newton
    /NewZuricaBold
    /NewZuricaItalic
    /NewZuricaRegular
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NigelSadeSH
    /Nirvana
    /NuptialBT-Regular
    /OCRAbyBT-Regular
    /OfficePlanning
    /OldCentury
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OpenSymbol
    /OttawaPSMT
    /OttoMasonSH
    /OzHandicraftBT-Roman
    /OzzieBlack-Italic
    /OzzieBlack-Regular
    /PalatiaBold
    /PalatiaItalic
    /PalatiaRegular
    /PalmSpringsPSMT
    /Pamela
    /PanRoman
    /ParadisePSMT
    /ParagonPSMT
    /ParamountBold
    /ParamountItalic
    /ParamountRegular
    /Parchment-Regular
    /ParisianBT-Regular
    /ParkAvenueBT-Regular
    /Patrick
    /Patriot
    /PaulPutnamSH
    /PcEncodingLowerSH
    /PcEncodingSH
    /Pegasus
    /PenguinLightPSMT
    /PennSilvaSH
    /Percival
    /PerfectRegular
    /Pfn2BlackItalic
    /Phantom
    /PhilSimmonsSH
    /Pickwick
    /PipelinePlain
    /Playbill
    /PoorRichard-Regular
    /Poster
    /PosterBodoniBT-Italic
    /PosterBodoniBT-Roman
    /Pristina-Regular
    /Proxy1
    /Proxy2
    /Proxy3
    /Proxy4
    /Proxy5
    /Proxy6
    /Proxy7
    /Proxy8
    /Proxy9
    /Prx1
    /Prx2
    /Prx3
    /Prx4
    /Prx5
    /Prx6
    /Prx7
    /Prx8
    /Prx9
    /Pythagoras
    /Ranegund
    /Ravie
    /Ribbon131BT-Bold
    /RMTMI
    /RMTMIB
    /RMTMIH
    /RMTMUB
    /RMTMUH
    /RobWebsterExtraBoldSH
    /Rockwell
    /Rockwell-Bold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /RomanC
    /RomanD
    /RomanS
    /RomanT
    /Romantic
    /RomanticBold
    /RomanticItalic
    /Sahara
    /SalTintorettoSH
    /SamBarberInitialsSH
    /SamPlimsollSH
    /SansSerif
    /SansSerifBold
    /SansSerifBoldOblique
    /SansSerifOblique
    /Sceptre
    /ScribbleRegular
    /ScriptC
    /ScriptHebrew
    /ScriptS
    /Semaphore
    /SerifaBT-Black
    /SerifaBT-Bold
    /SerifaBT-Italic
    /SerifaBT-Roman
    /SerifaBT-Thin
    /Sfn2Bold
    /Sfn3Italic
    /ShelleyAllegroBT-Regular
    /ShelleyVolanteBT-Regular
    /ShellyMarisSH
    /SherwoodRegular
    /ShlomoAleichemSH
    /ShotgunBT-Regular
    /ShowcardGothic-Reg
    /SignatureRegular
    /Signboard
    /SignetRoundhandATT-Italic
    /SignetRoundhand-Italic
    /SignLanguage
    /Signs
    /Simplex
    /SissyRomeoSH
    /SlimStravinskySH
    /SnapITC-Regular
    /SnellBT-Bold
    /Socket
    /Sonate
    /SouvenirITCbyBT-Demi
    /SouvenirITCbyBT-DemiItalic
    /SouvenirITCbyBT-Light
    /SouvenirITCbyBT-LightItalic
    /SpruceByingtonSH
    /SPSFont1Medium
    /SPSFont2Medium
    /SPSFont3Medium
    /SPSFont4Medium
    /SpsFont4Medium
    /SPSFont5Normal
    /SPSScript
    /SRegular
    /Staccato222BT-Regular
    /StageCoachRegular
    /StandoutRegular
    /StarTrekNextBT-ExtraBold
    /StarTrekNextPiBT-Regular
    /SteamerRegular
    /Stencil
    /StencilBT-Regular
    /Stewardson
    /Stonehenge
    /StopD
    /Storybook
    /Strict
    /Strider-Regular
    /StuyvesantBT-Regular
    /StylusBT
    /StylusRegular
    /SubwayRegular
    /SueVermeer4LightItalicSH
    /SueVermeer4LightSH
    /SueVermeer5MedItalicSH
    /SueVermeer5MediumSH
    /SueVermeer6DemiItalicSH
    /SueVermeer6DemiSH
    /SueVermeer7BoldItalicSH
    /SueVermeer7BoldSH
    /SunYatsenSH
    /SuperFrench
    /SuzanneQuillSH
    /Swiss721-BlackObliqueSWA
    /Swiss721-BlackSWA
    /Swiss721BT-Black
    /Swiss721BT-BlackCondensed
    /Swiss721BT-BlackCondensedItalic
    /Swiss721BT-BlackExtended
    /Swiss721BT-BlackItalic
    /Swiss721BT-BlackOutline
    /Swiss721BT-Bold
    /Swiss721BT-BoldCondensed
    /Swiss721BT-BoldCondensedItalic
    /Swiss721BT-BoldCondensedOutline
    /Swiss721BT-BoldExtended
    /Swiss721BT-BoldItalic
    /Swiss721BT-BoldOutline
    /Swiss721BT-Italic
    /Swiss721BT-ItalicCondensed
    /Swiss721BT-Light
    /Swiss721BT-LightCondensed
    /Swiss721BT-LightCondensedItalic
    /Swiss721BT-LightExtended
    /Swiss721BT-LightItalic
    /Swiss721BT-Roman
    /Swiss721BT-RomanCondensed
    /Swiss721BT-RomanExtended
    /Swiss721BT-Thin
    /Swiss721-LightObliqueSWA
    /Swiss721-LightSWA
    /Swiss911BT-ExtraCompressed
    /Swiss921BT-RegularA
    /Syastro
    /Symap
    /Symath
    /SymbolGreek
    /SymbolGreek-Bold
    /SymbolGreek-BoldItalic
    /SymbolGreek-Italic
    /SymbolGreekP
    /SymbolGreekP-Bold
    /SymbolGreekP-BoldItalic
    /SymbolGreekP-Italic
    /SymbolGreekPMono
    /SymbolMT
    /SymbolProportionalBT-Regular
    /SymbolsAPlentySH
    /Symeteo
    /Symusic
    /Tahoma
    /Tahoma-Bold
    /TahomaItalic
    /TamFlanahanSH
    /Technic
    /TechnicalItalic
    /TechnicalPlain
    /TechnicBold
    /TechnicLite
    /Tekton-Bold
    /Teletype
    /TempsExptBoldSH
    /TempsExptItalicSH
    /TempsExptRomanSH
    /TempsSwashSH
    /TempusSansITC
    /TessHoustonSH
    /TexCatlinObliqueSH
    /TexCatlinSH
    /Thrust
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldOblique
    /Times-ExtraBold
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Oblique
    /Times-Roman
    /Times-Semibold
    /Times-SemiboldItalic
    /TimesUnic-Bold
    /TimesUnic-BoldItalic
    /TimesUnic-Italic
    /TimesUnic-Regular
    /TonyWhiteSH
    /TransCyrillic
    /TransCyrillic-Bold
    /TransCyrillic-BoldItalic
    /TransCyrillic-Italic
    /Transistor
    /Transitional521BT-BoldA
    /Transitional521BT-CursiveA
    /Transitional521BT-RomanA
    /TranslitLS
    /TranslitLS-Bold
    /TranslitLS-BoldItalic
    /TranslitLS-Italic
    /TransRoman
    /TransRoman-Bold
    /TransRoman-BoldItalic
    /TransRoman-Italic
    /TransSlavic
    /TransSlavic-Bold
    /TransSlavic-BoldItalic
    /TransSlavic-Italic
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /TribuneBold
    /TribuneItalic
    /TribuneRegular
    /Tristan
    /TrotsLight-HMK
    /TrotsMedium-HMK
    /TubularRegular
    /Txt
    /TypoUprightBT-Regular
    /UmbraBT-Regular
    /UmbrellaPSMT
    /UncialLS
    /Unicorn
    /UnicornPSMT
    /Univers
    /UniversalMath1BT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Italic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-CondensedOblique
    /UniversExtended-Bold
    /UniversExtended-BoldItalic
    /UniversExtended-Medium
    /UniversExtended-MediumItalic
    /Univers-Italic
    /UniversityRomanBT-Regular
    /UniversLightCondensed-Italic
    /UniversLightCondensed-Regular
    /Univers-Medium
    /Univers-MediumItalic
    /URWWoodTypD
    /USABlackPSMT
    /USALightPSMT
    /Vagabond
    /Venetian301BT-Demi
    /Venetian301BT-DemiItalic
    /Venetian301BT-Italic
    /Venetian301BT-Roman
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /VinetaBT-Regular
    /Vivaldii
    /VladimirScript
    /VoguePSMT
    /WaldoIconsNormalA
    /WaltHarringtonSH
    /Webdings
    /Weiland
    /WesHollidaySH
    /Wingdings-Regular
    /WP-HebrewDavid
    /XavierPlatoSH
    /YuriKaySH
    /ZapfChanceryITCbyBT-Bold
    /ZapfChanceryITCbyBT-Medium
    /ZapfDingbatsITCbyBT-Regular
    /ZapfElliptical711BT-Bold
    /ZapfElliptical711BT-BoldItalic
    /ZapfElliptical711BT-Italic
    /ZapfElliptical711BT-Roman
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZappedChancellorMedItalicSH
    /ZurichBT-BlackExtended
    /ZurichBT-Bold
    /ZurichBT-BoldCondensed
    /ZurichBT-BoldCondensedItalic
    /ZurichBT-BoldItalic
    /ZurichBT-ExtraCondensed
    /ZurichBT-Italic
    /ZurichBT-ItalicCondensed
    /ZurichBT-Light
    /ZurichBT-LightCondensed
    /ZurichBT-Roman
    /ZurichBT-RomanCondensed
    /ZurichBT-RomanExtended
    /ZurichBT-UltraBlackExtended
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


